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Abstract
Background: Faced with a changing climate, bioenergy has been promoted as a sustainable resource. However,
while it is a renewable energy source, biofuel cultivation comes with several environmental problems such as land
use change and water consumption, the environmental impacts of which often counterbalance the reduced global
warming potential compared to fossil alternatives.
Methods: This paper presents life cycle assessment (LCA) results for greenhouse gas (GHG) emissions (carbon
footprints) and water consumption (water scarcity footprint) for different first-generation biofuels in comparison
with their fossil alternatives. We employed standard (secondary) LCA data including uncertainties of process
activities, resource consumption, and emissions throughout the value chain in order to compare different options
under the influence of uncertainties and in order to identify the contribution to variance (CTV) of input data,
giving insight into which environmental flows need to be better assessed. Furthermore, by also introducing
uncertainties in the impact assessment for GHG emissions and water consumption, we were able to determine
which LCA stage is more influenced by uncertainties, the accounting or impact assessment stage. Additionally,
we analyzed the effect of choosing different time horizons GHGs (typically set to 100 years).
Results: The analyzed fuels perform differently depending on the choice of impact category considered. For liquid fuels,
we observed a tradeoff between resource depletion and water footprint, while biogas options have lower impacts in
most categories. Biogas from waste has significantly lower carbon footprints than natural gas for long time horizons and a
similar water footprint. However, with the 20-year Intergovernmental Panel on Climate Change (IPCC) factors, methane
emissions from biogas largely compensate the fossil CO2 emissions in our case and no robust difference is observed
under uncertainty considerations. Both impact assessment and inventory uncertainties are important. Due to the very
high number of parameters, the CTV analysis was not robust for assessing GHG emissions.
Conclusions: This study shows that uncertainty is important in LCA and carbon or water footprint assessment of
agricultural feedstock production. Integration of parameter uncertainties helps to evaluate the significance of the
difference from two product options. For biogas, the choice of the time horizon in carbon footprint assessment is
decisive and needs a strong justification.
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Background
Biofuels have gained attention in the last decade in the con-
text of sustainable resource use and global warming. Many
governments or regulating bodies, such as the US and the
EU, have formulated goals regarding biofuel production or
use. The US regulation has placed a target of annual biofuel
production of 36 billion US gallons (136 million m3) by
2022, of which 79 million m3 should be second generation
biofuels [1]. The Renewable Energy Directive (RED) [2]
of the European Commission demands 10 % renewable
fuels for road transport in each member state by 2020.
While renewable fuels include electricity and hydrogen
produced from renewable sources, biofuels seem to be
the most relevant fuels to reach this goal [3]. Other
countries such as Switzerland grant tax exemptions for
sustainable biofuels [4].
However, bioenergy requires biomass cultivation, which
has a variety of environmental impacts, especially if
additional crops are harvested to produce biofuels.
The main rationale behind the increased use of bio-
fuels is the reduction of total greenhouse gas (GHG)
emissions, typically accounted in carbon footprints [5].
For a more holistic view of environmental impacts, life
cycle assessment (LCA) [6] is applied, which is a standard-
ized method to assess a comprehensive set of environ-
mental impacts including, among others, GHG emissions,
land and water use, as well as toxic emissions. LCA
consist of four stages: (1) goal and scope definition,
(2) inventory analysis, (3) impact assessment, and (4)
interpretation. In the goal and scope stage, the goal
of the study (e.g., in this paper comparing transport
service) as well as the system boundaries and assessed
impacts are defined. The inventory analysis collects all
processes (technosphere) as well as all emissions and re-
source uses (environmental exchanges) that the system in-
cludes (e.g., car production and disposal, fuel production,
as well as all associated emissions and resource uses related
to it). It principally encompasses the whole life cycle, but in
some cases, it can be restricted to, e.g., production for
comparison purposes. The overall emissions and resource
consumption are then characterized in terms of environ-
mental damage in the impact assessment phase. Typically,
a system contains several hundred emissions that are char-
acterized within ~10–15 impact categories such as “global
warming,” “ecotoxicity,” or “resource depletion.” The final
stage of interpretation involves an iterative process, since
the analysis should be adjusted, e.g., if there is potential for
improved data quality of important processes.
Swiss law [4] requires an LCA to show the overall envir-
onmental impact of biofuels compared to fossil options
and requires specific assessments of GHG emissions and
water consumption, since these are important impacts re-
lated to bioenergy production. The RED imposes mea-
sures, such as the ban of cultivation on ecologically
sensitive lands, and requirements, such as a 35 % reduc-
tion in GHG emissions, the latter of which is often not
met, if indirect land use effects are taken into consider-
ation [7]. However, the calculation of indirect effects due
to such consequential land use changes is scientifically de-
bated, so it is not required in international standards [8].
A comprehensive study calculating and analyzing the
LCA results of a variety of biofuels found that while the
carbon footprint can be reduced by up to 50 % for bio-
diesel and 65 % for bioethanol, the total environmental
impact might actually be even higher in some cases, ren-
dering it impossible to characterize biofuels as favorable
in general [9].
Intrinsically, LCA results have large uncertainties, and
these must be understood in order to allow for sound
decision-making [10]. For carbon footprinting, one rec-
ognized source of high uncertainties lies in N2O emis-
sions in crop production [11, 12] and in highly variable
methane emissions from the storage of digested residues
(as a function of plant design) [13]. Unlike in water foot-
print studies, the assessment of water consumption,
which shows that biofuels have significantly higher im-
pacts on water resources than their fossil counterparts
[14, 15], is not included in standard LCA methods. Still,
the uncertainty of the results for water consumption in
crop cultivation and the variability within countries are
very high [15].
LCA results that neglect uncertainties have the poten-
tial to be highly misleading, since decision-makers are
often not qualified to judge when results, especially
comparative one, are significantly different from one an-
other. For instance, they might consider a difference of,
e.g., 10 % significant, even though such differences in
LCA results do not typically indicate a significant differ-
ence in the environmental impact of products or ser-
vices. In most cases, uncertainties are not reported at all
and if they are, the focus is on inventory uncertainty.
However, for the comparison of fossil fuels and biofuels,
it is not only the uncertainty of the different emissions
or land and water use that is important but also the un-
certainty of the characterization factors (CFs) in impact
assessment [16]. CFs quantify impacts caused by an
emission or resource use (e.g., kg CO2-equivalent per kg
N2O emission) and obviously are uncertain. CF uncer-
tainty is typically neglected in carbon footprint or LCA
studies so this work serves to fill this gap, providing a
full uncertainty assessment for the impact categories
water consumption (water scarcity footprint) and global
warming potential (carbon footprint).
The goals of this work are to (1) analyze the environ-
mental impact of different biofuel options in different
impact categories within the framework of LCA using
secondary data, (2) analyze the relevance of inventory
and characterization factor uncertainty in the results of
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carbon and water footprinting, and (3) discuss the ro-
bustness of life cycle-based comparisons of fuels.
Methods
A complete list of abbreviations is available in the sup-
porting information (Additional file 1).
Life cycle inventory
In order to account for all environmental flows (emis-
sions and resource consumption) over the entire life
cycle of a product, we employ the largest transparent
process-based life cycle database ecoinvent v2.2 [17],
which includes >4000 processes and >1000 environmen-
tal flows and reports uncertainty of process use and en-
vironmental flows in an LCA system. The inventory
analysis is done on a unit process level, which means we
know how much each of the >4000 processes in the
database is used for the production of the demanded
output (functional unit), and we can not only compare
the total emission of each product system but also the
emissions of the difference in the activity of each process
within the compared product systems. This is very im-
portant for the uncertainty assessment in order to ac-
count for covariance as described below.
We analyze the inventories for the following ecoinvent
v2.2 processes in order to compare the life cycle impacts
of bioenergy used as a fuel in a passenger car per
vehicle-kilometer (vkm) transport service. The abbrevia-
tions of the service used in this paper and corresponding
ecoinvent processes are presented in Table 1.
For water consumption in crop production, we use the
data by Pfister et al. [18] and apply uncertainty estimates
based on comparison of expected and deficit irrigation
in each region. Other water flows are disregarded as they
are considered irrelevant for biofuels [15].
Typically, LCA results are calculated based on the “tech-
nosphere” matrix A, which lists all the process inputs i
(reported in rows) required for the output j (reported in
columns) of a process and the “biosphere” matrix B, which
lists the environmental flows k (resource inputs and emis-
sions; rows) caused by the output of each process j (col-
umns). The demand vector f identifies the process output
of the system (functional unit) and by using the Leontief
inverse of A, we get the overall process activity vector x,
which shows the total life cycle process activity for the
provision of the functional unit:
x ¼ I−Að Þ−1f ð1Þ
By multiplying B with x, we get the overall emissions,
and as such, the inventory result y listing all environ-
mental flows:
y ¼ B x ð2Þ
In order to know which emissions or resource consump-
tion occurred in which process, we calculate the entry-
wise product (Hadamard product) of the overall activity
(x) and B as
Y ¼ B t xT  ð3Þ
where Y is the resulting matrix with all emissions k
(row) per process j (column) and t is a vector with k
rows and all elements being equal to one. Inventory is
consequently compared on two levels: the overall
process activity (x) and overall emissions and resource
consumptions (y).
Impact assessment
Impact assessment quantifies the relevance of resource
consumption or emissions in terms of environmental
Table 1 Abbreviations and processes used to model different passenger transport services
Abbreviation of service Ecoinvent process Supply chain adjustment (replacing biogas mix)
Diesel Operation, passenger car, diesel, EURO3 –
Biodiesel Operation, passenger car, rape seed methyl ester 5 % –
Petrol Operation, passenger car, petrol, EURO3 –
Biopetrol Operation, passenger car, ethanol 5 % –
Natgas Operation, passenger car, natural gas –
Biogas Operation, passenger car, methane, 96 vol-%, from biogas –
bg_agri Operation, passenger car, methane, 96 vol-%, from biogas Biogas, from agricultural digestion, not covered, at storage
bg_biowaste Operation, passenger car, methane, 96 vol-%, from biogas Biogas, from biowaste, at storage
bg_sewage Operation, passenger car, methane, 96 vol-%, from biogas Biogas, from sewage sludge, at storage
bg_grass Operation, passenger car, methane, 96 vol-%, from biogas Biogas, from grass, digestion, at storage
bg_whey Operation, passenger car, methane, 96 vol-%, from biogas Biogas, from whey, digestion, at storage
bg_grass Operation, passenger car, methane, 96 vol-%, from biogas Biogas, from grass, digestion, at storage
bg_whey Operation, passenger car, methane, 96 vol-%, from biogas Biogas, from whey, digestion, at storage
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damage within each impact category. Different
characterization methods exist, among which the global
warming potential (GWP) reported by Intergovernmental
Panel on Climate Change (IPCC) is the most prominent
(for the impact category radiative forcing). We use the
IPCC 2007 factors [19] for the 20-, 100-, and 500-year glo-
bal warming potential (GWP20, GWP100, GWP500, re-
spectively). For a full LCA, a comprehensive set of impact
categories need to be considered such as the set available
by the ReCiPe method [20]. We used the fully aggregated
impacts on endpoint level of ReCiPe version H/A for
overall environmental assessment (grouped by impacts on
human health, ecosystem quality, and resource depletion).
Since water consumption characterization factors are not
yet integrated with other methods, we use the water stress
index (WSI, [21]) to quantify impacts of water consump-
tion, which is also referred to as water scarcity footprint
(WSFP). The impacts are calculated in vector z as follows:
z ¼ C y ð4Þ
where C has the dimension of l impact categories (rows)
and k environmental flows (columns).
In order to assess the impact per flow and process, we
can multiply a single method l from C (cl; a row vector,
e.g., for GWP100) entrywise to Y:
Z ¼ Y clTu
  ð5Þ
where Z is the resulting matrix with all impacts of emis-
sions k (row) per process j (column) and u is a row vec-
tor with j columns and all elements being equal to one.
Uncertainty analysis for the final LCA results
Uncertainty can generally be assessed in two different
ways: analytically (e.g., by Taylor series expansion) and
numerically (e.g., by a Monte Carlo simulation). We
propagated uncertainties numerically through the equa-
tions in Sections Life cycle inventory and Impact assess-
ment as it offers the advantage of not being restricted by
validity assumptions (such as small uncertainties) and of
providing more information on the output distribution
[22, 23]. The numerical approach is, however, much
more computationally intensive. To lessen this computa-
tional burden, we replaced the simple random sampling
commonly performed in Monte Carlo simulations
(primitive Monte Carlo simulations (PMC)) by Latin
hypercube sampling (LMC) where results converge fas-
ter and require less iterations to archive robust results
[22, 24]. Latin hypercube sampling is a stratified sam-
pling procedure where the probability distribution is
subdivided into as many equally probable intervals as
simulations will be run and one sample is drawn ran-
domly from each such interval. The sequence of these
samples is again randomized [24]. Typically, 10,000
iterations are used for PMC [23], whereas Steen [25] rec-
ommends as little as 1000 iterations for PMC. Based on
the estimation that LMC are five times more efficient
than PMC [26], we used 1000 iterations. The uncertainty
of the final LCA results was expressed by k values (ap-
proximately squared geometric standard deviation,
which can be estimated by the square root of the ratio:
97.5th percentile/2.5th percentile [27]). For the compari-
sons between two products, the likelihood of one prod-
uct having higher or lower impact than its alternative
was additionally provided for each product and impact
category, by pairwise comparisons of the results from
the 1000 runs.
When two product systems are compared, they share
some processes and therefore the uncertainties are not
independent from each other (co-variant). The overall
process activity might have a large share of common
processes, such as in our case the infrastructure and car,
which are identical for fossil and biofuels and therefore
co-variant. If we assume, e.g., high emissions for power
consumption in biogas car production, we should as-
sume that the same power consumption in natural gas
car production would also have high emissions. In order
to avoid any potential dependencies when comparing
two product options, we analyze uncertainty not only
based on the final results but also by analyzing the dif-
ference between the two options for process activity
(Δx) and inventory results (Δy).
To investigate the influence of uncertainty in different
LCA stages (parameters in A, B, and C) on the uncer-
tainty in impacts (z), we performed partial uncertainty
analyses. This means that some parts were modeled sto-
chastically (considering uncertainty) and other parts
were modeled deterministically (neglecting uncertainty).
Case A for instance includes uncertainty of A but not of
B and C. The uncertainties of the final results were
compared based on their k values.
Uncertainty information for characterization factors
were derived from the newest IPCC report [28] for GHG
emissions and from Pfister and Hellweg [29] for WSI.
WSI uncertainty varies greatly per watershed as presented
in Fig. 1. The uncertainties of GHG emissions vary by sub-
stance and time horizon as provided by the IPCC for the
six most important GHGs and are presented as coefficient
of variations (CV) in Table 2. For all other GHGs, we as-
sumed a CV of 50 % based on uncertainty estimates of the
two last IPCC reports [28, 29].
Contribution to variance (CTV) of input parameters
For the reduction of overall uncertainty, it is helpful to
identify the most influential parameters and set priorities
for improved data collection accordingly [10]. This sensi-
tivity testing can be done via contribution to variance
(CTV) analysis as previously done in LCA studies [30, 31].
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Due to the non-normality of the impact scores, CTV is
derived from Spearman’s rank correlation coefficients








We compared the contributions to variance among all
input parameters but also those within one single LCA
stage as summarized in Table 3. In the latter case, the
denominator will be lower as fewer parameters will be
considered.
All statistical analyses were performed with the statis-
tical programming language R and specifically the pack-
ages “foreach” [33] and “doSNOW” [34] for parallelization
of the Monte Carlo simulation and CTV analysis. CTV
analysis is very intensive in terms of computational power
for large systems as the one present here. Mutel et al. [31]
suggest using 100 Monte Carlo iterations per parameter,
which would result in more than 106 runs.
Results and discussion
LCA results
The standard LCA results show that different impact as-
sessment methods result in different trends (Table 4).
With complete LCA assessments using the ReCiPe (H/A)
method, the overall impacts (R_TT) for diesel, biodiesel,
petrol, ethanol, natural gas, and biogas from grass are very
close and roughly a factor 2 higher than for the other
natural gas options assessed based on ecoinvent data. The
pattern is similar for impacts on ecosystem quality (R-EQ,
except for bg_grass due to high land use) and resource de-
pletion (R-RS), with higher differences for resources. Bio-
gas and biodiesel do not perform better than fossil
alternatives due to the fact that crops are specifically
grown for biofuels in the selected datasets and therefore
land use, machinery, and agrochemicals largely compen-
sate the reduced GHG emissions. For impacts on human
health (R-HH), all options have similar results, since there
is less difference in the various production systems. For
global warming potential, the time horizon is very rele-
vant, since biogas options have a higher carbon footprint
under a 20-year time horizon (GWP20) and perform better
for longer time horizons (GWP100, GWP500). This is ex-
plained through the fact that biogas options in our data
have higher methane emissions, which have a short at-
mospheric lifetime and therefore a high impact in the
short term but a much lower in the long term compared
to fossil CO2 emissions (the main problem of fossil fuels).
For the water footprint assessment, biodiesel and bioetha-
nol score by far the worst, since they have cultivated crops
as feedstock, which include irrigation, while biogas pro-
duction uses waste and co-products for its production, ex-
cept for grass, which is generally not irrigated. Since LCA
includes a variety of different indicators, without a scien-
tific proper way for aggregating them, we also calculate
the average rank of all considered results. Although not a
common procedure in LCA, it is an alternative to fully ag-
gregating methods (R-TT). The results are quite
Fig. 1 Dispersion factor (k value) of WSI on watershed level. Based on [40]
Table 2 Coefficient of variation (CV) of the 6 major GHG based on IPCC [28]
Time horizon (years) CO2 (%) CH4 (%) N2O (%) CFC-11 (%) CFC-12 (%) HFC-134 (%)
20 11 18 13 13 12 14
100 16 24 18 20 19 20
500 18 25 21 24 26 22
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consistent between average rank and R-TT, indicating that
biogas based on waste is the best option of the cases ana-
lyzed in this paper.
Uncertainties in carbon and water footprinting
Table 4 reports the LCA results without uncertainties
and highlights the influence on the results of the impact
assessment method choice. The results are very similar
for different options for many indicators. In Table 5, we
present the results including uncertainties of the sto-
chastic modeling. The expected value is described by the
geometric mean (GM) and is consistent with the deter-
ministic value for carbon footprints but less so for water
footprints due to the higher uncertainty: the upper and
lower bound of the 95 % confidence interval for WSFP
differ by a factor of 27–64. For carbon footprints, the re-
sults are less uncertain but still the 95 % confidence
interval spans a factor ~2 for liquid fuels and a factor of
~3–4 for the biogas options. Typically, liquid fuels have
lower uncertainties in the short-term GWP, since CF un-
certainty is lower. Biogas has lower uncertainty in the
long term since the importance of the uncertainty of
methane emissions diminishes in the GWP results.
Analyzing the uncertainties for the different steps in
calculating GWP100, we see that for the liquid fuels,
characterization uncertainty had higher contribution to
uncertainty than the impact assessment part because
CO2 emissions have lower uncertainty than CH4 emis-
sions, the latter being more relevant for comparing gas
fuels (Table 6). Also, we see that the uncertainty is
mainly caused by the methane emissions per process
and not by the process activity uncertainty (higher k
value). This is mainly explained by the high variability of
uncontrolled methane emissions. While typically 2 % un-
controlled loss is assumed, the emission can be up to a
factor 10 higher or lower [35], which makes a huge dif-
ference in the GWP performance of biogas as a function
of the plant design and management.
For the water footprint (Table 7), we mainly focus on
biodiesel and ethanol as the other fuels had no signifi-
cant water consumption. The inventory and impact as-
sessment cause a similar, high uncertainty (k ~ 4), and in
the inventory, this is mainly caused by the consumption
factors and not the uncertainty of the process activity.
Water consumption estimates have high uncertainty,
since each farm has individual irrigation activities and
Table 3 Description of the different CTV analysis settings
Acronym Included parameters Differentiation Comments
CTV_all All inputs of x, B, and C x (process), B (process and flow), C (flow) y is not listed as it is B*x; A is not listed separately,
due to computational constraints and it is reflected by x
CTV_ B Environmental flow factors Process and flow
CTV_x Overall process activity Process
CTV_y Total environmental flows Flow Air emissions are differentiated by population density
but aggregated for GWP
CTV_C Characterization factors Flow
Table 4 LCA impact scores by deterministic modeling per vehicle-kilometer (vkm)
R-HH, R-EQ, R-RS, and R-TT describe the ReCiPe (H/A) endpoint results for human health, ecosystem quality, resources, and the total impact, respectively.
The average rank is the arithmetic mean of the ranks of the eight other indicators (a low rank means a good performance). The bar charts reflect the values and are
included as a visual aid for a better overview
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water consumption of crops can only be derived from
models for average products. For the other fuels, process
activity is much more relevant, since water consumption
occurs deeper in the supply chain and therefore accumu-
lates uncertainties within the technosphere matrix (A).
Comparing biofuels to fossil fuels while accounting for
uncertainties
To identify the robustness of the difference when com-
paring two fuel options, we can analyze the LCA results
presented above and assess their relative difference.
However from a stochastic point of view, we want to
know the probability of one option being better than
another for a specific impact category. Table 8 shows
that the biogas mix has a higher relative difference for
water consumption than for GWP100, while the chance
that biogas is really better is much higher for GWP100
due to the lower uncertainty in inventory and impact as-
sessment. This shows that the robustness of the LCA or
footprint result cannot be estimated based on the rela-
tive difference of the results without accounting for un-
certainty too: a high difference with high uncertainty
might reflect the same level of decision uncertainty as a
low difference with low uncertainty. This notice is a cru-
cial point for decision-makers, and therefore, it might be
better to report chances of one option being better than
another for comparative LCA and footprint assessments,
since results including uncertainties might be too com-
plex for reporting.
Interestingly, the probability that biogas options have a
lower carbon footprint compared to natural gas is very
high for the 500-year time horizon and very low for the
20-year time horizon. In this case, the model choice is
much more important than the other uncertainties.
When using ecoinvent data, preferring biogas over nat-
ural gas is mainly a question of having a short-term or
long-term perspective and not so much a question of
higher or lower uncertainties for one option compared
to the other. It can be argued that improving inventory
data is not the most crucial task when comparing gas to
liquid fuels, and a rationale for the chosen time horizon
is more relevant, since no proper scientific argumenta-
tion is available.
Additional file 1: Table S2 additionally shows the prob-
abilities if only part of the uncertainty is analyzed. For
the liquid fuels, decision uncertainty is mainly caused by
emission factors for GWP, and essentially no uncertainty
exists for WSFP. For gas alternatives, the decision uncer-
tainty in the result is affected by all three uncertainties
for the GWP20, while it is robust (>90 % chance) for the
GWP500.
Since the GWP100 carbon footprint comparing two al-
ternatives is not robust in most cases, additional analysis
of the most important flows in relevant processes can
help improve the inventory of the system and hence the
overall result. To identify which processes need higher
attention to improve the comparison, we present the
most relevant rows and columns of the result matrix Z
in Table 9, showing the difference in impacts of the re-
spective flow and process for a vehicle-kilometer using
natural gas compared to biogas for GWP100 and WSFP.
For a natural gas powered car, the fossil CO2-emissions
from combustion in the car are the most important,
while for a biogas car, the biogenic CH4 emissions from
biogas at storage and at purification are the most crucial.
Water consumption is less relevant and the main contri-
butions for WSFP are found in soybean (in Switzerland)
Table 6 GWP100 impacts by stochastic modeling (LMC with
1000 runs) for individual stages within LCA
Inventory Impact assessment
Process A B AB C
GM k GM k GM k GM k
Diesel 0.21 1.05 0.21 1.06 0.22 1.08 0.21 1.36
Biodiesel 0.21 1.05 0.21 1.02 0.21 1.05 0.21 1.35
Petrol 0.24 1.05 0.24 1.06 0.25 1.08 0.24 1.36
Biopetrol 0.25 1.07 0.24 1.17 0.25 1.18 0.24 1.36
Natgas 0.22 1.13 0.21 1.33 0.22 1.36 0.21 1.35
Biogas 0.16 1.47 0.16 1.44 0.16 1.65 0.15 1.42
bg_agri 0.20 1.36 0.19 1.34 0.20 1.56 0.19 1.54
bg_biowaste 0.19 1.38 0.19 1.77 0.19 1.88 0.18 1.48
bg_sewage 0.13 1.62 0.12 1.09 0.13 1.68 0.12 1.35
bg_grass 0.20 1.41 0.20 1.09 0.20 1.44 0.19 1.26
bg_whey 0.17 1.48 0.16 1.13 0.17 1.51 0.16 1.30
The largest k values (describing uncertainties of each LCA stage) of each fuel
type are marked in italics
Table 5 Carbon and water footprint results by stochastic
modeling (geometric mean (GM)) and k values
Process GWP 20 GWP 100 GWP 500 WSFP
GM k GM k GM k GM k
Diesel 0.23 1.26 0.21 1.37 0.21 1.46 1.2E-08 5.28
Biodiesel 0.22 1.24 0.21 1.35 0.20 1.44 2.7E-05 8.02
Petrol 0.26 1.25 0.24 1.37 0.24 1.45 1.4E-08 5.26
Biopetrol 0.26 1.30 0.24 1.42 0.24 1.50 1.3E-05 6.77
Natgas 0.25 1.42 0.21 1.52 0.20 1.60 9.5E-09 6.97
Biogas 0.36 1.91 0.16 1.86 0.08 1.72 7.8E-09 5.75
bg_agri 0.51 1.76 0.19 1.86 0.07 1.84 1.1E-08 6.60
bg_biowaste 0.47 2.17 0.19 2.12 0.08 1.94 7.5E-09 5.93
bg_sewage 0.25 2.02 0.12 1.85 0.08 1.71 8.1E-09 5.72
bg_grass 0.31 1.72 0.20 1.55 0.15 1.55 4.2E-08 7.56
bg_whey 0.29 1.79 0.16 1.65 0.12 1.62 1.5E-08 6.26
Uncertainties of k > 2 (95 % interval spanning over a factor of 4) are marked
in italics
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and husked coconut (Philippines) production. However,
since these values are very low and represent water con-
sumption in oil production for soaps in supply chain pro-
cesses, other water flows such as process water, which are
not accounted for, might be more important in this biogas
case. On the other hand, process water can be neglected
compared to irrigation water demands and if no irrigation
is applied, water footprints are typically low [36].
Contribution to variance (CTV)
A more structured way to identify important flows and
processes causing uncertainty is the CTV analysis. Due
to the limited numbers of Monte Carlo runs, we do not
get a highly robust result for CTV of GWP100 when ana-
lyzed over all input parameters for the comparison of a
biogas and natural gas car. A selection of the CTV re-
sults is presented in Table 10. For CTV_all of GWP100,
the highest value is 0.38 % with the CTV of several
hundred parameters being >0.1 % (comprehensive list
in Additional file 1: Table S3 in the supporting information).
Based on Mutel et al. [31], the CTV of uncorrelated pa-
rameters would still be ~0.10 % for 1000 runs, which
means the results have very low discriminating power and
therefore, we cannot select the most important parame-
ters from the total of >3000 contributing parameters. For
water footprint, only 51 parameters affect the impact and
therefore quite robust results are attained (Additional
file 1: Table S4 in the supporting information). The
uncertainty is mainly driven by the process activities
for crop production (x is responsible for >97 %
CTV). As for the contribution to impacts (Table 9),
the most relevant parameters for uncertainty is palm
oil and coconut production uncertainty with >25 %
CTV each.
Since CTV for a full LCA system is not practical due to
the very high calculation demands, we suggest another
procedure for application by practitioners. For carbon
footprints, we split the CTV analysis into subsections to
get more robust results. However, for the uncertainties of
the environmental flow factors (CTV_B) and for process
Table 8 Impact comparison of bioenergy and its conventional alternative with regard to GWP and WSFP
Difference of impacts (biofuel minus fossil fuel) compared to
fossil impact
Probability that biofuel has lower impacts than the
fossil fuel
GWP 20 (%) GWP 100 (%) GWP 500 (%) WSFP (%) GWP 20 (%) GWP 100 (%) GWP 500 (%) WSFP (%)
Biodiesel −3 −2 −3 271505 79.0 78.1 84.5 0.0
Ethanol 0 0 0 136742 46.9 47.8 48.9 0.0
Biogas mix 45 −29 −63 −38 13.7 81.6 99.9 65.3
bg_agri 111 −10 −63 −16 1.9 59.8 100.0 55.1
bg_biowaste 88 −15 −63 −41 5.0 62.9 99.3 47
bg_sewage 4 −43 −63 −36 47.1 95.0 100.0 51.8
bg_grass 28 −8 −31 270 22.8 58.2 92.1 72.1
bg_whey 16 −25 −44 16 31.5 80.1 98.3 66.6
Probabilities are derived from a pairwise comparison for the 1000 LMC runs based on ecoinvent data. Absolute numbers are presented in Table 4
Table 7 WSFP impacts by stochastic modeling (LMC with 1000 runs) for individual stages within LCA
Process Inventory Impact assessment
A B AB C
GM k GM k GM k GM k
Diesel 9.4E-09 2.46 9.0E-09 2.00 1.0E-08 3.24 9.2E-09 3.47
Biodiesel 2.2E-05 1.26 2.7E-05 4.52 2.7E-05 4.61 2.2E-05 4.72
Petrol 1.1E-08 2.43 1.1E-08 2.03 1.2E-08 3.25 1.1E-08 3.43
Biopetrol 1.3E-05 1.35 1.3E-05 3.57 1.3E-05 3.65 1.3E-05 4.06
Natgas 8.7E-09 3.66 7.5E-09 1.84 9.1E-09 4.15 7.6E-09 4.51
Biogas 6.1E-09 2.96 5.1E-09 2.23 7.0E-09 3.93 5.2E-09 3.19
bg_agri 8.2E-09 2.88 7.0E-09 2.97 9.4E-09 4.59 7.1E-09 3.19
bg_biowaste 5.7E-09 2.98 4.9E-09 2.38 6.6E-09 4.08 5.0E-09 3.15
bg_sewage 6.4E-09 3.01 5.3E-09 2.10 7.2E-09 3.87 5.4E-09 3.25
bg_grass 3.0E-08 1.57 3.5E-08 4.77 4.0E-08 4.77 2.9E-08 3.85
bg_whey 1.2E-08 2.65 1.0E-08 2.95 1.4E-08 4.28 9.8E-09 3.22
The largest k values (describing uncertainties of each LCA stage) are marked in italics
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uncertainty (CTV_x), we get only slightly higher values of
up to 0.57 (for N2O, CH4, CO2 flow factors) and 0.40 (for
biogas processes), respectively (Additional file 1: Table S3).
For the uncertainty of the inventory results (CTV_y) and of
the characterization factors (CTV_C), we get CTV values
of 19 % for fossil CO2 emissions in the inventory results
and 14 % for the minor GHG “Halon 1001” in the CFs, re-
spectively (Table 11 and Additional file 1: Table S3). The
discrepancy of CTV in y and C might suggest that the re-
sults are not robust. However, the relative uncertainties of
GWP100 for the six major GHGs are a factor 2 lower than
for the remaining GHGs (see Table 2). While further re-
search is needed to improve CTV analyses on such com-
plex systems, we suggest a structured analysis of CTV in
separate steps in the assessment for practical applications,
as presented here. In combination with uncertainty assess-
ment of the respective calculation steps (Tables 6 and 7),
we can identify some hotspots for uncertainty. The result-
ing flows and processes should be revisited in order to im-
prove the results.
Conclusions
This work shows that consideration of uncertainties is
essential for informed decision-making and can help to
improve the results. For biofuel and carbon footprints, we
suggest that, for purposes of good practice, footprint
studies report results for all three time horizons including
uncertainties, as presented here. This also involves assess-
ment of offsetting activities, which is clearly illustrated by
the example of methane flaring, one of the cheapest op-
tions for offsetting GHG emissions, that has more than a
factor 3 lower CO2-equivalents when analyzed by GWP500
compared to the normally used GWP100 (or, equivalently,
almost a factor 3 higher using the GWP20). Due to the sig-
nificant effects of such choices, it is very difficult to select
best fuel options, as illustrated by the comparison of fossil
and biofuels in this work based on secondary data.
Often, LCA or carbon and water footprints just report
a number without the detailed background information.
However, if product-labeling and CO2 compensation are
based on just a number without uncertainty ranges, the
results might be misinterpreted by non-experts. As an
example, rapeseed biofuel production assessed with
uncertainty analysis showed that life cycle GHG savings
compared to diesel are not significant, even though results
neglecting uncertainties would suggest they are [37]. The
European Union is encouraging the establishment of
product environmental footprints (PEF, [38]) in order to
make the environmental impacts related to a product vis-
ible. However, as shown for the case of biofuel, the 95 %
confidence interval of these numbers might vary by a fac-
tor 2–4 for carbon footprints and even by 1–2 orders of
Table 9 Flows and processes contributing most to the impact comparison of natgas and biogas (per vkm)
The most important processes are marked green for “natgas” and red for “biogas.” Additional results are shown in SI (Additional file 1: Figure S1 and Figure S2)
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magnitude for water footprints. Stating numbers without
uncertainties is even more questionable if we consider the
importance of the choice of impact assessment methods
on the results. The highest uncertainty is caused by the
time horizon choice for carbon footprints, which deter-
mines the choice for or against biogas compared to other
fuels, yet such time horizons are inconsistent with other
LCA impact categories. As a minimum, background infor-
mation must be available to decision makers and the pub-
lic in order to allow an open and transparent discussion of
footprint results by the stakeholders [39]. Furthermore,
sensitivity to methodological choices should be tested and
reported. As an argument against the reporting of uncer-
tainty information, communication issues are often cited.
Table 10 Strongest parameter contributions to variance of WSFP and GWP100 results
WSFP
Flow Process CTV (%) Stage Product
Husked nuts harvesting, at farm 26.72 x Natgas
Palm fruit bunches, at farm 25.81 x Natgas
Rape seed IP, at farm 9.31 x Biogas
Protein peas, IP, at farm 8.99 x Biogas
Soy beans IP, at farm 8.97 x Biogas
Potatoes IP, at farm 6.61 x Biogas
Potato seed IP, at farm 6.52 x Biogas
Sugarcane, at farm 3.03 x Biogas
Blue water consumption in CH Rape seed extensive, at farm 0.50 B Biogas
Maize seed organic, at farm 0.35 x Biogas
GWP100
Flow CTV (%) Stage Product
Biogas, from biowaste, at storage 0.38 x Biogas
Biogas, from sewage sludge, at storage 0.37 x Biogas
Methane, 96 vol-%, from biogas, at purification 0.36 x Biogas
Methane, 96 vol-%, from biogas, high pressure, at consumer 0.35 x Biogas
Disposal, municipal solid waste 0.35 x Biogas
Methane, 96 vol-%, from biogas, production mix, at service station 0.34 x Biogas
Natural gas, burned in boiler atm low-NOx condensing non-modulating <100 kW 0.33 x Biogas
Electricity, at cogen with biogas 0.32 x Biogas
Crude oil, at production onshore 0.32 x Natgas
Disposal, plastics, mixture, 15.3 % water 0.32 x Biogas
Table 11 Strongest CTV of inventory (CTV_y) and CF (CTV_C) parameters to GWP100 results
CTV_y CTV_c
Row labels CTV (%) Flow CTV (%)
Carbon dioxide, fossil 19.02 Methane, bromo-, Halon 1001 14.23
Carbon dioxide, land transformation 3.27 Methane, dichloro-, HCC−30 12.96
Carbon monoxide, fossil 4.60 Ethane, hexafluoro-, HFC−116 10.30
Chloroform 2.93 Methane, bromotrifluoro-, Halon 1301 9.48
Dinitrogen monoxide 8.91 Ethane, chloropentafluoro-, CFC−115 6.25
Ethane, 1,1,1,2−tetrafluoro−, HFC−134a 4.98 Sulfur hexafluoride 5.66
Ethane, 1,1,2−trichloro−1,2,2-trifluoro−, CFC−113 1.01 Ethane, 1,2−dichloro−1,1,2,2-tetrafluoro-, CFC−114 5.05
Ethane, 1,1−difluoro-, HFC−152a 1.61 Nitrogen fluoride 3.85
Ethane, 1,2−dichloro-1,1,2,2-tetrafluoro−, CFC−114 1.02 Methane, difluoro-, HFC−32 3.38
Ethane, 2−chloro-1,1,1,2-tetrafluoro−, HCFC−124 0.02 Ethane, 2, 2−dichloro−1, 1, 1−trifluoro−, HCFC−123 3.23
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While best way of communication is definitely open for
debate, the results presented in Table 8 indicate that
reporting a probability that one option is better than an-
other could be a viable way forward for best practice
reporting of single numbers. The remaining issue, how-
ever, is that this only works for comparison studies and it
requires access to the full inventory including uncertain-
ties of the compared product systems, which can be a
problem if one compares the results for a product with
those in an already published study.
The second equally important advantage of proper un-
certainty assessment is the identification of inventory
flows that require additional attention to improve the
quality of the results. While contribution to variance ana-
lysis could help with this problem, indicating which pa-
rameters are the most crucial for overall uncertainty, it is
not a practical for practitioners due to the extreme com-
putational power it demands to find robust results. There-
fore, this goal of the study has not been fully met. Instead,
our suggestion is to split the different calculation steps in
the LCA structure and after identifying the most import-
ant steps, to perform CTV analysis within each calculation
step, giving more robust results with a given computa-
tional power and time.
Finally, high uncertainty in assessing environmental per-
formance also opens the room for more comprehensive
sustainability assessment, including social aspects: LCA
and footprint results should not be taken at face value, but
they should be interpreted as indicators that help to iden-
tify hotspots for further assessment and to better under-
stand the studied product system and related drivers for
environmental issues. Additional research on how to bet-
ter include uncertainty evaluation in LCA and footprints
for practical applications is required to face the many
challenges for robust assessment of different fuel options.
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